[1] This study presents the results of a detailed river flow fluctuation analysis on daily records from 14 stations in the Flint River Basin in Georgia in the southeastern United States with special focus on the effect of watershed area on long memory of river flow fluctuations. The areas of the watersheds draining to the stations range from 23 to 19,606 km2. The climatic and seasonal trends are removed using the detrended fluctuation analysis technique. Results show that (1) river flow fluctuations have two distinct scaling regimes, and the scaling break is delayed for large watershed areas; (2) large watersheds have more persistent river flow fluctuations and stronger long memory (i.e., for lag times beyond the scale break) than small watersheds do; (3) the long memory of river flow fluctuations does not come from the long memory of precipitation; (4) a linear reservoir unit hydrograph transfer function approach does not capture correctly the basin processes that convert short-memory precipitation to long-memory streamflow; and (5) the degree of multifractality of river flow fluctuations decreases with increasing watershed area. The results clearly indicate that watershed area is an important factor in the long-memory studies of streamflow such as streamflow prediction. 
Introduction
[2] Temporal fluctuations of river flow are of interest since they are directly linked to flood and drought frequency characteristics. Understanding these temporal fluctuations can improve the statistical prediction of extreme changes in river flow . More than half a century ago, Hurst found that flow records from various rivers exhibit long-range statistical dependence [Hurst, 1951] . At first, this long-range dependence was described by a single spectral scaling exponent [Mandelbrot and Wallis, 1969; Lovejoy, 1981; Lovejoy and Mandelbrot, 1985] . In the last couple of decades, however, it has been realized that a multifractal description is required for a full characterization of river flow time series records [e.g., Tessier et al., 1996; Pandey et al., 1998 ]. Although a number of studies [e.g., Tessier et al., 1996; Pandey et al., 1998; Labat et al., 2002; Kantelhardt et al., 2006; Zhou et al., 2006; KoscielnyBunde et al., 2006] have reported the long memory and multifractal properties of river flow for various rivers, the link between these properties and the physical processes/ factors that influence the river flow, such as watershed area, is not generally understood.
[3] Mudelsee [2007] investigated the relationship between long memory and basin size using river flow records from 28 stations located in six major river basins around the world. He reported that larger basins have stronger memory (hence more prolonged hydrological droughts and floods) than small basins. The statistical properties of river flow fluctuations may be expressed by the multifractal framework. Several studies have reported that river flow time series exhibit multifractality [e.g., Tessier et al., 1996; Pandey et al., 1998; Labat et al., 2002; Kantelhardt et al., 2006; Zhou et al., 2006] . Tessier et al. [1996] analyzed daily river flows from 30 different watersheds in France with drainage areas ranging from 40 to 200 km 2 . They reported that river flow fluctuations exhibit two scaling regimes, one for time scales shorter than 16 days and the other for time scales exceeding 16 days, and that the multifractal parameters do not depend on watershed area. Pandey et al. [1998] analyzed daily river flows from 19 different U.S. watersheds with drainage areas ranging from 5 km 2 to 1.8 × 10 6 km 2 and reported a scale break at about 8 days and no dependence of the multifractal parameters on watershed area. Zhou et al. [2006] analyzed daily river flows from four different agricultural watersheds of USA having drainage areas ranging from 0.01 to 334 km 2 , and reported that the multifractal parameters do not change with watershed areas. They reported a scale break at 6 days for some watersheds and no scale break for other watersheds.
[4] Although the above studies examined varying sizes of watersheds, the watersheds were collected from different river basins, making it difficult to single out the effect of basin size on the river flow fluctuations. The results of Mudelsee [2007] , on the effect of watershed area on longmemory properties of river flow fluctuations, could also be affected by temporal trends arising from difference in climate and landscape.
[5] The main objective of the present study is to investigate the effect of watershed area on temporal statistics of river flow by eliminating the effects of trends and minimizing the effects of other exogenous variables. Long river flow records were collected from one fairly homogeneous basin to minimize differences in climate and landscape among watersheds. The study region and method of analysis are presented in sections 2 and 3, followed by results and discussion in section 4 and conclusions in section 5.
Study Region and Data
[6] The study area is in the Flint River Basin in Georgia in the southeastern USA. Daily records of river discharge obtained from fourteen United States Geological Survey (USGS) gauging stations in the Flint River Basin were analyzed. The areas draining to the gauging stations range from 22.8 km 2 to 19,600 km 2 . The location of these stations (with their USGS station numbers) and their influent watersheds are shown in Figure 1a . Table 1 presents information on the basin area, record length, and mean specific discharge for each station. The downstreammost of these stations, USGS station 02356000 at Bainbridge, Georgia, with a drainage area of 19,600 km 2 , drains about 89.5% of the basin.
[7] Of the basin upstream from USGS station 02356000, about 53% is covered by forest and 17% by wetland. Another 17% is used for agriculture, and about 9% is developed land of varying intensities (see Figure 1b) . The Flint River flows over diverse surficial geology, ranging from the impermeable crystalline rocks at its origin in the Piedmont to the Ocala Limestone underlying the southern half of the basin that forms highly transmissive Floridan aquifer [Georgia Department of Natural Resources (GDNR), 2006]. The Flint River leaves the Piedmont as it passes through the fall line zone onto the Atlantic Coastal Plain. In the fall line zone, the Flint River drops 100 m in less than 25 km [GDNR, 2006] . USGS station 02347500 (see Figure 1a ) lies in the midst of this zone. After entering the Coastal Plain, the Flint River crosses the recharge zone for two formations with productive aquifers, and then it arrives at the Ocala Limestone, where it remains to its mouth. The Flint River and its tributaries exchange water with Floridan aquifer, and most stream reaches in lower Flint River Basin gain water from the aquifer under normal rainfall patterns [GDNR, 2006, and references therein] .
[8] The Flint River Basin experienced multiyear droughts in the last century [Barber and Stamey, 2000] . Among them, droughts occurring in 1938 Among them, droughts occurring in -1944 Among them, droughts occurring in , 1950 Among them, droughts occurring in -1957 Among them, droughts occurring in , 1980 Among them, droughts occurring in -1982 Among them, droughts occurring in , 1985 Among them, droughts occurring in -1989 Among them, droughts occurring in , 1998 Among them, droughts occurring in -2002 Among them, droughts occurring in and 2006 Among them, droughts occurring in -2008 are relevant to our study. Recent major floods occurred in the basin in 1994 and 1998 [Cochran et al., 2001] . Two major reservoirs exist in the basin that may potentially influence the river flow fluctuations: (1) Lake Blackshear reservoir is located 22 km upstream from gauging station 02350512 (and therefore also affecting flows at stations 02353000, 02355662 and 02356000), and (2) Lake Chehaw reservoir is located 55 km upstream from station 02353000 (and therefore also affecting flows at stations 02355662 and 02356000). However, the size of these dams and reservoirs and their modes of operation suggest that these dams should have minor effects on river flow fluctuations recorded at these stations.
[9] To assess the impacts of the climatic and geological variations on the river flow fluctuations, we present the flow duration curves (FDCs) for each station on lognormal probability paper (Figure 2 ). The FDC combines in one curve the flow characteristics throughout the observed range of discharge without regard to its sequence of occurrence, and is a useful tool for visualizing the marginal properties of each data set. If the discharge data is lognormally distributed, the FDC curve will appear as a straight line on this plot. The FDCs of most of the records examined here show a degree of convex curvature at lower discharges, suggesting they are approaching a positive minimum discharge, rather than declining to zero. Consider, for example, the FDCs of the records from the four stations with the largest watershed areas, stations 02356000, 02355662, 02353000, and 02350512. These have approximately parallel FDCs with pronounced convexity at the lower end. This similar behavior is occurring despite the varying periods of record and average specific discharge of these stations (Table 1) ; notice, for example that the stations with the two largest watershed areas have low average discharge value and relatively short records that include the 2006-2008 drought. These stations all lie below at least one of the major reservoirs, which could help to supplement flows during dry periods, but they also all lie in the Ocala Limestone, which, as discussed above, generally provides significant base flow. The records with the next two largest watershed areas, stations 02346180 and 02347500, with watersheds lying in the relatively impermeable Piedmont region, have much straighter FDCs. The same contrast between Piedmont and Coastal Plain can be seen in the next two largest, stations 02350900 and 02344500, where the former, lying in the Coastal Plain, has a relatively low average specific discharge but significant convexity at the low end of its FDC, while the latter, lying in the Piedmont, has instead a significant concavity at the low end of its FDC, despite a higher average specific discharge. This Piedmont-Coastal Plain convexity contrast is not entirely consistent however, as the remaining six station records, except for one, are roughly parallel with a generally convex shape and include two basins from Coastal Plain and three from the Piedmont. The FDC of the remaining station, 02344478, is parallel with its neighboring FDCs at the higher end but drops off at the low end, similar to the station 02344500 FDC. In the case of the FDC of station 02344478, its short record encompassing the drought of 2006-2008 suggests the cause of its low-flow concavity, while spatial variation in geology and possibly other factors such as land use, which tends to have stronger effects on smaller basins, may explain why it differs from the FDC of station 02346310, which has a similar period of Figure 2. Flow duration curves (FDCs) plotted on lognormal probability paper. The vertical axis represents discharge (on a log scale), and the horizontal axis represents normal variates (values from a normal distribution that have same the plotting positions as the discharges).
record and average specific discharge, as well as being located nearby.
Methods of Analysis
[10] A time series S k can be decomposed as a superposition of three signal components as
where F k is a correlated noise, T k is a trend component, and P k is a periodic (seasonal) component. A number of studies have shown that river flow time series can be characterized as having long-range power law correlation [e.g., Tessier et al., 1996; Pandey et al., 1998; Koscielny-Bunde et al., 2006; Kantelhardt et al., 2006; Zhou et al., 2006; Livina et al., 2003] . To accurately estimate the correlation, the trend and seasonal components in river flow time series should first be identified and removed.
[11] An approximation of the seasonal component P can be removed by subtracting the mean over different years of each calendar day from the record S. The standard deviation of P can also be removed from each calendar year. In this study, we subtracted the mean of each calendar day from the river discharge time series. The removal of P is important because river discharge fluctuations are significantly affected by seasonal climate variability which otherwise could be confused with long-term correlation. The P can easily be calculated from long records as a climatological mean.
[12] Once P is removed, what is left is the sum of the correlated noise F and trend components T:
The trend component T can be removed by applying a detrended fluctuation analysis (see section 3.1 for more details) to k . Finally, the results of the detrended fluctuation analysis applied to k give the properties of the correlated noise T, which is our signal of interest.
Detrended Fluctuation Analysis
[13] Detrended fluctuation analysis (DFA) is a scaling analysis method used to estimate long-range power law correlation exponents in noisy signals [Hu et al., 2001; Chen et al., 2002; Kantelhardt et al., 2002] . Its ability to detect long-range correlation in nonstationary time series with trends makes the DFA a preferred method of analysis for river flow, compared to, for example, the standard spectral analysis technique where stationarity is required Koscielny-Bunde et al., 2006; Chen et al., 2002; Peng et al., 1994] .
[14] The DFA procedure consists of five steps:
[15] 1. For
Step 1, a profile Y(i) is determined by generating the cumulative sum
where k is deseasonalized river flow data series of length N and Y(i) is ith profile value.
[16] 2. For
Step 2, the profile Y(i) is divided into N s ≡ int(N/s) nonoverlapping segments of equal length s.
Since the length N of the series is usually not a multiple of s, a short part at the end of the profile may remain. In order not to disregard this part of the series, the same procedure is repeated starting from the opposite side. This results in 2N s segments.
[17] 3. For
Step 3, local trends of each segment are calculated by fitting a polynomial of order n to the data and the variance is computed:
for all segments u, u = 1,…,2N s Here, p u (i) is the fitting polynomial representing the local trend in the segment u. Different orders of polynomials may be used. In this study, quadratic polynomials were used to remove quadratic trends from the profile Y(i) thereby removing linear trends from the original series k .
[18] 4. For
Step 4, by averaging the variances to the power q/2 over all segments, the qth-order fluctuation function is calculated as
[19] 5. For
Step 5, the scaling exponent h(q) of the fluctuation function defined in equation (5) is estimated by linear regression on log-log coordinates of F q (s) versus s for each value of q:
The scaling exponent h(2) is used to interpret the secondorder properties of the time series F. 0.5 < h(2) < 1 indicates the presence of positive long-range power law correlation in the time series F (equations (1) and (2)). In contrast, 0 < h(2) < 0.5 shows the signal has a negative correlation. An uncorrelated signal (white noise) has h(2) = 0.5 while h(2) = 1 corresponds to 1/f (pink) noise. A time series with h(2) ≥ 1 is correlated but the correlation does not exhibit power law behavior [Valencia et al., 2008; Kantelhardt et al., 2001 Kantelhardt et al., , 2006 .
Multifractals
[20] Multifractal fields are characterized by a probability distribution having the property
where s is the scale ratio (same as the one used in the DFA above), " s is intensity of the field (the observed river flow time series) at scale s, t is order of singularity, and c(t) is a codimension function [e.g., Lovejoy, 1987, 1995; Pandey et al., 1998; Seuront et al., 1999] . In terms of statistical moments, multifractal fields exhibit the following relationship:
where q is a moment order and K(q) is a multiscaling exponent function. A field is multifractal if K(q) is nonlinear function of q and monofractal if K(q) is a linear function of function q. The multifractal exponent function K(q) (denoted as qH(q) by Kantelhardt et al. [2006] ) is related to the scaling exponent h(q) of DFA [see Kantelhardt et al., 2006, equations (15) and (16)] by
From equation (9) it can be seen that qh(q) is nonlinear if and only if K(q) is nonlinear, so the degree of nonlinearity of qh(q) can be used as an indicator of the degree of multifractality.
Results and Discussion

Scaling Regimes and Scale Break Times
[21] Figure 3 shows the river flow fluctuation for moment order 2, F 2 (s), as a function of the lag time s calculated from Times at which the scaling function h(q) of F q (s) breaks for all q = 0.5, 1, 2, 4. The Kendall's rank correlation coefficient (tau) between the scale break times and basin area and its significance (p) were calculated after removing the effect of specific average discharge using the method proposed by Alley [1988] . the 15 min time series record at each station. The curves (and the corresponding station numbers) are in order of decreasing watershed area (largest at the top). The curves on a log-log plot can be approximated by two straight lines: one with steep slope at short lag times, and the other with mild slope at longer lag times which clearly indicates that the fluctuation time series is characterized by two distinct scaling regimes. A linear regression fit was applied to the two scaling regimes separately using only points with little deviation from the linear line (for example, points between 2 and 20 days were not used in linear fitting for station 02350080; see Figure 3) ; the time where the two fitted lines intersect was taken as a scale break time. Examples of regression fits are shown for three of the records.
[22] Let us now examine how the scale break times vary from one watershed to another focusing on watershed area. To do so, it is vital to filter out the effects of other factors that may camouflage this dependence. For example, take two watersheds that have different areas and soil textures: the difference in their long memory could be in part due to differences in soil texture. There are also other landscape and climate factors that may explain the variability in the long-memory parameters, besides just area. We used the specific average discharge (given in Table 1 ) as a proxy measure of the effects of climate and landscape controls.
The rank correlation coefficient between the scale break times and watershed area was calculated, once the effect of the specific average discharge was removed by applying the Mann-Kendall test to the residuals of a regression of the series of interest (here, the scale break times) on the exogenous variables (here, specific discharge) as proposed by Alley [1988] [see Helsel and Hirsch, 2002, p. 335] .
[23] Figure 4 presents the results of this analysis. The scale break time increases with increasing basin area, as might be expected, since larger basins would tend to smooth fluctuations in input (precipitation) over longer periods, for higher moments q = 2 and 4 with rank correlation coefficient of 0.69. However, for the smaller moments q = 0.5 and 1, the Mann-Kendall test does not show a significant dependence of scale break time on watershed area. The scale break times are within a similar range of values reported in previous studies of various river basins across the world [e.g., Tessier et al., 1996; Pandey et al., 1998; Labat et al., 2002; Kantelhardt et al., 2006; Zhou et al., 2006] . Because we are interested in long-memory statistics of river flow, we limit our further analysis to lag times exceeding the scale break times. In the ensuing long-memory analyses, we used daily time series discharge data on account of their long records compared to the 15 min data used for scale break time detection analysis. 
Long Memory
[24] Figures 5a-5d show the DFA-computed river flow fluctuation functions, F(s) (equation (5)), computed using daily data, for moments of 0.5, 1, 2 and 4. Also shown are the scale break times (detected using the 15 min data as discussed above). We calculated the slope parameter h(q) (equation (6)) for the scaling regime beyond the slope break time (i.e., the long-memory period), for q = 0.5, 1, 2 and 4, and plotted the values as a function of watershed area in Figure 6 . Also given are the Kendall's rank correlation coefficients (tau) and significances (p) computed after removing the effects of average specific discharge. For all moments, h(q) increases with increasing watershed area, indicating that large watersheds produce more persistent flow fluctuations (high flows are more likely followed by another high flow and the same goes for low flows) compared to small watersheds.
[25] Let us now focus on h(2) which is related to the longterm correlation. The h(2) values are in the range of 0.61 to 0.98. The result that 0.5 < h(2) < 1.0 regardless of watershed area, confirms previous findings that river flow has long memory [e.g., Tessier et al., 1996; Pandey et al., 1998; Kantelhardt et al., 2006; Zhou et al., 2006] . The h(2) value also increases with increasing watershed area, indicating that the river flow of a large watershed has a stronger autocorrelation compared to small watersheds. The increase of autocorrelation with area is in agreement with the result of Mudelsee [2007] , who analyzed river flow data from six large river basins across the world.
Does the Long Memory of River Flow Come From the Long Memory of Precipitation?
[26] We applied the DFA procedure to three 51 year records of hourly precipitation at three rainfall stations (Atlanta, Columbus and Macon) in the vicinity of the Flint River Basin. We obtained h(2) values of 0.52, 0.53, and 0.57, which are shown superimposed on Figure 6 . The h(2) values of precipitation are close to 0.5 (i.e., white noise), and hence point precipitation in this region has very weak long memory (i.e., very weak long-term autocorrelation). Therefore, we conclude that the long memory of river flow does not come from the long memory of precipitation.
Does the Linear Reservoir Unit Hydrograph Model
Reveal the Source of Long Memory in River Flow?
[27] We simulated synthetic river flow hydrographs using precipitation records from the three rainfall stations as input to an exponential unit hydrograph [e.g., Chow et al., 1988] with a characteristic time of 1 day. The F 2 (s) versus s curves for the synthetic river flow and observed precipitation records are shown in Figure 7 . At short time lags (<12 days), the synthetic river flow is more correlated than precipitation. But beyond a lag time of 12 days, precipitation and synthetic river flow fluctuations exhibit almost identical properties. The h(2) values of the synthetic river flow for the longmemory time range are 0.53, 0.56, and 0.62, which are very close to those of the precipitation record and substantially lower than those of the observed river flow record. Therefore, the linear reservoir exponential unit hydrograph transfer function does not appear to filter precipitation in the same way as the basin processes do over long time scales. The results indicate that the long-term persistence of streamflow at watershed scale does not come from long memory of precipitation and that the linear unit hydrograph transfer function does not capture correctly the basin processes that convert short-memory precipitation to longmemory streamflow. Figure 6 . Variation of h(q), the scaling exponent of DFA fluctuation function F q (s), with watershed area for moment order q = 0.5, 1, 2, 4. The Kendall's rank correlation coefficient (tau) between h(q) and watershed area and its significance (p) for each value of q were calculated after removal of the effect of differences in specific average discharge using the method proposed by Alley [1988] . The horizontal lines represent h(2) from (1) analysis of three observed precipitation records in the region (purple, the lower two lines overlapped) and (2) theoretical values for white noise (lower black line, h(2) = 0.5) and pink noise (upper black line, h(2) = 1).
Multifractality
[28] Here we check whether the DFA fluctuations are multifractal or not, and if they are, we measure the degree of multifractality and how this depends on watershed area. Figure 8 presents a plot of qh(q) versus q, for river flow records of each station. In all cases, qh(q) is a nonlinear function of q, indicating that the river flow fluctuations are multifractal (see equation (10)). This is consistent with previous findings [e.g., Tessier et al., 1996; Pandey et al., 1998; Labat et al., 2002; Kantelhardt et al., 2006; Zhou et al., 2006] .
[29] The curvature of qh(q) with moment q measures the degree of multifractality of the river flow fluctuations.
Higher magnitude of the curvature of qh(q) indicates higher degree of multifractality. Figure 9 presents the curvature of qh(q) as a function of watershed area for moments of 0.5, 1, 2, and 4. Also shown are the Kendall's rank correlation coefficients (tau) and the corresponding significance values (p) calculated after removing the effect of differences in specific average discharge. Results show that the degree of multifractality of river flow decreases with increasing watershed area. This shows that for larger basins the fluctuations of different sizes scale with time more similarly than for smaller basins. One possible hydrologic interpretation of this finding is that larger basins are more able to 
Conclusions
[30] We analyzed the statistical properties of river flow fluctuations using long records of daily data from 14 stations, with drainage areas varying from 23 km 2 to 19,606 km 2 , in the Flint River Basin. The focus was on the effect of watershed area on the long-memory properties of river flow fluctuations. The seasonal components were removed from the daily data by subtracting the mean of each day of the year, and nonseasonal trends were removed and the remaining fluctuations analyzed using detrended fluctuation analysis.
[31] Major conclusions are as follows:
[32] 1. River flow fluctuations have two scaling regimes: one at short time scales and the other at long time scales. The scale break time, that is, the time at which change in scaling regime takes place, varied from 1 to 20 days and increases with increasing watershed area.
[33] 2. The slope of the fluctuation function, h(q), increases with increasing watershed area, indicating that flow fluctuations from larger watersheds are more persistent than those from small watersheds. This means that high (low) intensity flows are more likely to be followed by high (low) intensity flows for larger watersheds compared to small watersheds. The long-memory properties of river flow fluctuations do not come from the long memory of precipitation.
[34] 3. The linear reservoir unit hydrograph transfer function does not capture correctly the basin processes that convert short-memory precipitation to long-memory river flow.
[35] River flow fluctuations, regardless of watershed area, exhibit multifractality. However, the degree of multifractality decreases with increasing watershed area, indicating that the persistence of different intensities of flow fluctuations are more similar in larger basins. We conclude that watershed area is an important factor that controls the long memory of river flow fluctuations. This indicates that statistical river flow prediction models should not be directly transferred across watersheds of varying sizes without taking the effects of basin area into consideration.
[36] Finally, we point out the following caveats. The unequal time period of the river gauge data sets might affect the accuracy of the parameter estimates, although we do not expect it to influence the conclusions of this study. There are also other climate and landscape factors, besides area, that affect the long-memory properties of river flow [see, e.g., Harman et al., 2009] ; however, much more work remains to be done to fully understand and characterize their impacts. Figure 9 . Variation of the curvature of qh(q) with watershed area for q = 0.5, 1, 2, 4. The Kendall's rank correlation coefficient (tau) between the curvature and watershed area and its significance (p) for each value of q were calculated after removal of the effect of differences in specific average discharge.
